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With the development of Artificial Intelligence, the auxiliary diagnosis model based on deep learning can assist doctors to a certain
extent. However, the latent information in medical images, such as lesion features, is ignored in most of the traditional methods.
)e extraction of this information is regarded as a learning task within the network in some recent researches, but it requires a
large amount of fine-labeled data, which is undoubtedly expensive. In response to the problem above, this paper proposes an
Adversarial Lesion Enhancement Neural Network forMedical Image Classification (ALENN), which is used to locate and enhance
the lesion information in medical images only under weakly annotated data so as to improve the accuracy of the auxiliary
diagnosis model. )is method is a two-stage framework, including a structure-based lesion adversarial inpainting module and a
lesion enhancement classification module. )e first stage is used to repair the lesion area in the images while the second stage is
used to locate the lesion area and use the lesion enhanced data during modeling process. In the end, we verified the effectiveness of
our method on the MURA dataset, a musculoskeletal X-ray dataset released by Stanford University. Experimental results show
that our method can not only locate the lesion area but also improve the effectiveness of the auxiliary diagnosis model.

1. Introduction

In December 2012, a study [1] showed that musculoskeletal
diseases, such as arthritis and back pain, are the second-
leading cause of disability as well as the fourth-leading factor
to the health of the world population, affectingmore than 1.7
billion people worldwide. According to data from theWorld
Health Organization [2], there are more than 150 diseases
caused by the musculoskeletal (exercise) system. Although
diseases generated by different reasons (for example, exer-
cise, genetics, or poor lifestyle) have little difference in visual
perception, there is a big difference among the disease types,
so it requires different diagnosis and treatment options.
)erefore, the detection of musculoskeletal abnormalities
appears particularly important. )e abnormalities of mus-
culoskeletal are mainly reflected in the basic diseases of
bones, joints and soft tissues [3, 4]. Among them, basic bone
diseases include osteoporosis, osteomalacia, bone destruc-
tion, osteosclerosis, periosteal proliferation, chondral

calcification, osteonecrosis, bone deformity, etc. Basic joint
diseases include swelling of joint, destruction of joint, de-
generation of joint, ankylosis of joint, dislocation of joint,
etc. Basic soft tissue diseases include soft tissue swelling, soft
tissue mass, myophagism, etc.

Bone is the tissue with the highest density in the human
structure, which has a clear contrast with surrounding
tissues. Meanwhile, there also exists an obvious contrast
between the cortex and cancellous bone of the bone itself so
that the conventional X-ray examination can be used for
general bone diseases diagnosis. In addition, due to the
advancement of imaging technology and the upgrading of
imaging equipment, various hospitals have produced a
large amount of medical imaging data, and these precious
data are helpful for many researches.)erefore, it is of great
research significance to use computer-aided diagnosis
technology to quickly and accurately classify musculo-
skeletal diseases based on a large number of existing
medical images.
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Many machine learning methods have been applied to
medical image data classification tasks, including K-Means
clustering [5, 6], decision tree [7], support vector machine
[8], and random forest [9]. However, the number of features
extracted by traditional machine algorithms is limited, and
only artificially preset features can be classified. )erefore,
traditional machine learning algorithms perform poorly on
medical image classification. With the continuous devel-
opment of deep learning technology, deep learning algo-
rithms, including CNN (convolutional neural networks) [10]
and GAN (generative adversarial networks) [11], are widely
used in classification tasks. )rough the fine-grained an-
notation from a large number of professional doctors, the
CNN model can automatically extract features and can
extract more feature information through a deeper and
wider network architecture. But the difficulty of medical
image annotation makes it more expensive to improve CNN
model performance. In addition, most of the existing CNN
models use benign and malignant labeling information as
the last layer of supervision information on the network, and
they cannot dig out more hidden features through coarse-
grained benign and malignant labeling to reuse and merge
key features.

Based on the problems above, this paper proposes an
Adversarial Lesion Enhancement Neural Network for
Medical Image Classification (ALENN), which automati-
cally recognizes the lesion area in the image only through the
supervision of category annotation, and enhances and op-
timizes the prediction accuracy of the auxiliary diagnosis
model. )is method is a two-stage model. )e first stage is a
structure-based lesion adversarial inpainting module, which
is used to repair the lesion area in the image; the second stage
is a lesion enhancement classification module, which is used
to identify the lesion area and apply the data after the en-
hanced lesion to assist the modeling process of the diag-
nostic model. )e core of the first stage is structural
information, which represents the relatively fixed semantics
of human body structure in medical images. We believe that
better restoration results can be obtained by splitting the
image restoration process into structural semantic restora-
tion and texture detail restoration. )e core of the second
stage is sliding window. )rough the sliding of the occluded
area, the most significant abnormal area in the image can be
found. Finally, we verified the effectiveness of this method
on the MURA dataset [12], a musculoskeletal X-ray film
dataset released by Stanford University.

)e related works of traditional and latest auxiliary
diagnosis as well as the related researches on the MURA
dataset are introduced in the second section of this paper.
)emethod proposed in this paper is introduced in the third
section. )e experimental results and analysis are shown in
the fourth section. )e summary and prospects of the work
are given in the fifth section.

2. Related Work

CNN-based medical image analysis method has shown
excellent performance in many challenging tasks (disease
classification [13], lesion detection [14], fine-grained lesion

segmentation [15]), among which it has deepest research and
is most widely applied in disease classification. X-rays ex-
amination is one of the most common radiology exami-
nations in the clinical diagnosis of chest diseases. How to
combine a large number of existing medical images with the
rich clinical experience of professionally trained radiologists
is of great significance for the diagnosis of chest diseases.
Wang et al. [16] proposed a novel text-image embedding
network (TieNet) to extract images and corresponding text
representations. It employs an end-to-end trainable CNN-
RNN architecture embedded with a multi-level attention
model to highlight important image regions and their
corresponding text words, and then use image features and
text embeddings extracted from related reports to classify
the chest X-rays. Coronary angiography is the gold standard
for computer-aided diagnosis (CAD), so it is essential to
describe in detail the position and the degree of stenosistext
through coronary angiography for classifing the severity of
CAD. Wang et al. [17] used recursive capsule network
(RCN) to extract the semantic relationship between clini-
cally named entities in the coronary angiography text, so as
to automatically find out the maximum stenosis degree of
each lumen, and finally inferred the coronary artery severity
according to the improved Gensini method.

)e MURA dataset is the largest public musculoskeletal
image dataset available currently. Many scholars have
conducted numerous experimental studies on this dataset,
including the use of traditional machine learning methods
and deep learning algorithms. Among them, Pawan et al.
[18] used support vector machine (SVM), linear SVM, lo-
gistic regression, and decision tree algorithms to detect
musculoskeletal anomalies, and introduced a gray-level co-
occurrence matrix (GLCM) to preprocess the original
musculoskeletal images, comparing them on five evaluation
indicators of sensitivity, specificity, precision, accuracy, and
F1-score in the end. Pranav et al. [19] designed a 169-layer
baseline model DenseNet to solve the musculoskeletal ab-
normality detection. On the MURA data and above, Den-
seNet’s performance is lower than the worst radiologist in 5
of the 7 basic studies, and the performance of the overall
model is also lower than the best radiologist. Subsequently,
Dennis et al. [2] proposed the idea of ensemble learning to
integrate the well-trained classification models Dense-
Net201, MobileNet and NASNet-Mobile, and designed the
ensemble200 model. Finally, its Cohen Kappa score is 0.66,
which is lower than the DenseNet169-layer model. But the
F1-score of ensemble200 is better than that of DenseNet
model, and the Cohen Kappa score variance of different
parts is even lower. Due to the sensitivity of CNN to extract
features, when the image undergoes transformations, such as
rotation and misalignment, the performance of CNN rec-
ognition will be greatly reduced. To solve this problem, SAIF
et al. [20] introduced the capsule network architecture.
)rough its powerful dynamics routing mechanism, an
output vector containing many feature information (in-
cluding spatial direction, vector amplitude) can be obtained
to achieve abnormal detection of musculoskeletal X-ray
films, and this method only applies to a small number of
network layers to use 169 densely connected CNNs Kappa
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coefficient of the model. Although the CNN model has
shown good performance on many datasets, it performs
poorly on some subsets. Luke et al. analyzed that the reason
is that the model cannot fully describe the complete changes
in the dataset, and he defined this problem as hidden
layering.)erefore, Luke et al. [21] evaluated several possible
techniques for measuring the effect of hidden stratification
and found that hidden stratification can occur in unrec-
ognized low prevalence, low label quality, subtle dis-
tinguishing features, and it can lead to more than 20%
relative performance difference of the models.

3. Method

Due to the inadequate utilization of lesion information by
current deep learning models based on medical image
datasets (e.g., MURA) and the inexplicability of deep
learning itself, there is still much room for the reliability and
credibility of auxiliary diagnosis models to improvement.
Aiming at the problems above, this paper proposes an
Adversarial Lesion Enhancement Neural Network for
Medical Image Classification (ALENN). )e method in-
cludes two main modules: a structure-based lesion adver-
sarial inpainting module and a classification module based
on lesion information fusion.)e overall two-stage structure
diagram is shown in Figure 1. )e LE represents the lesion
enhancement.

3.1. Structure-Based Lesion Adversarial Inpainting Module.
)e X-ray image of the elbow reflects the density difference
among the different tissues of the elbow, and the density
distribution in the negative data is obviously different from
that in the positive data, as shown in Figure 2. )e difference
of the distribution is reflected in the lesion area in the
positive data. )is paper assumes that, in the positive data,
the tissue density distribution outside the lesion area is
similar to the negative data. )erefore, this distribution
difference can be fully utilized to find the location of the
lesion in the image, thereby providing additional informa-
tion for the fusion of the lesion area. If there is a generator
that only uses negative data for training, that is, it fits the
distribution of negative data under ideal conditions, it can
theoretically restore the lesion area in the positive data to the
data distribution of normal tissue. In other words, the re-
stored image can be regarded as a piece of pseudo-negative
data with a distribution similar to the negative data. Hence,
this module is based on the idea of the generative adversarial
network to generate positive data into negative data, and
regard the relative error between the data as important
information for subsequent enhancement of the lesion area.

At the same time, in order to better restore the original
semantic information of the image, considering that medical
images often contain relatively fixed human structural
features-bones and muscles, this module extracts the
structural information of the data so that the model pays
more attention to the relatively fixed structure, not limited to
susceptible texture information. Consequently, inspired by
the research [22], this paper adds the models generation and

learning process of structural information on the basis of the
generative adversarial network.

3.1.1. Structure Information. For the extraction of structure
information, we assume that the image is composed of
structure and texture and uses the relative total variation
(RTV) in [23] to distinguish the structure and texture in the
image. )e input image is defined as I, the pixel index in the
image is defined as p, and the structure in the image is
defined as S. Consequently, the process of using a secondary
penalty to strengthen the structural similarity between input
and output in the TV-L2-based model can be expressed as

argmin
s


p

1
λ

Sp − Ip 
2

+ (∇S)p



 , (1)

where ∇ represents the first-order difference operation,
(Sp − Ip)2 is used to maintain the similarity between the
structure and the input image, and |(∇S)p| can be divided
into two directions: x direction and y direction:


p

(∇S)p



 �  zxS( p



 + zyS 
p



 . (2)

However, the authors of [23] found that the total var-
iation regularizer has limited ability to distinguish between
strong structural edges and texture. )erefore, in order not
to target a certain type of texture structure image, the overall
task can be rewritten as

argmin
s


p

Sp − Ip 
2

+ λ ·
Gx(p)

Nx(p) + ε
+

Gy(p)

Ny(p) + ε
 ,

(3)

where λ is the weight and ε is a small positive number, which
should avoid being divided by zero. G(p) represents a
general pixel-wise windowed total variation measure and
N(p) represents a novel windowed inherent variation,
which can be expressed as

Gx(p) � 
q∈R(p)

gp,q · zxS( q



,

Gy(p) � 
q∈R(p)

gp,q · zyS 
q



,

Nx(p) � 
q∈R(p)

gp,q · zxs( q




,

Ny(p) � 
q∈R(p)

gp,q · zyS 
q
,




,

(4)

where q is the index of all pixels in a square area centered on
point p and gp,q is a weighting function defined according to
spatial affinity. However, due to the fact that objective
function is non-convex and its solution cannot be obtained
directly, a numerically stable approximation of the solution
needs to be obtained by decomposing the nonlinear part and
the quadratic part.
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3.1.2. GAN. In the architecture of this paper, the role of the
generative adversarial network is to provide the lesion area
in the elbow X-ray image for the final classification model.
We additionally assume the MURA data: the distribution
difference between the positive data and the negative data in
the image results from the lesion. If the lesion area in the
positive image is completely occluded, the part of the image
that is not occluded at this time is similar in distribution to
the negative data. )e structure information obtained in
Section 3.1.1 plays a significant role in GAN, which forces the
generator to ignore the local interference caused by texture
information, and then reconstruct the physiological struc-
ture information inside the image. And it fills and repairs the
detailed texture on the basis of reconstructed structure in-
formation. More specifically, the image structure is used as
the supervision information firstly, and the GAN is trained
through the negative image repair task occluded by the
random mask, so that the generator first fits the structure
distribution of the bone and muscle in the negative data. On
this basis, the original image is used as supervisory infor-
mation to train GAN, so that the generator gradually fills in
the detailed texture information on the basis of the structure.
In the process of training the generator, the discriminator is
also trained at the same time to judge the authenticity of the
generated image and fight against the generator. Finally, the

positive data is used as the test data, and the lesion features in
the image are repaired on the premise of preserving normal
tissues, and then restored to pseudo-negative data.

)is section follows the definitions of I and S in Section
3.1.1 and adds other definitions: generator G, discriminator
D, and binarized matrix mask M. In addition, the image I is
further expressed as I � Ip ∪ In, where Ip represents the
positive sample of the lesion in the image, and In represents a
negative sample. Similarly, S � Sp ∪ Sn. Based on this, the
output of the GAN used to repair the image structure in-
formation in the first step can be expressed as

S � G
I⟶5

E In, M( , E Sn, M( ( , (5)

where E(x, M) � x⊙M represents the occlusion operation;
that is, the area with the value of 0 in M is occluded in the
corresponding input data x. ⊙ denotes element-wise
product. At the same time, the discriminator needs to judge
the authenticity of the image and conduct adversarial
training with the generator, and its output can be expressed
as TS � DS(S) and TS � DS(S).

In addition to training the generator to make the overall
model capable to reconstruct structural information, it is
also necessary to train the generator, so that the overall
model has the ability to gradually repair texture information
through structural information. And because this paper
assumes “image� structure + texture,” after the texture in-
formation is supplemented and perfected on the basis of the
structure information, it can be regarded as the overall
restoration of the image. )erefore, the output of the gen-
erator GS⟶I can be expressed as

I � G
s⟶f

E In, M( , S . (6)

Same as the repair structure stage, the discriminator still
needs to predict the authenticity of the generator output
image, and the output at this time is expressed as TI � DI(I)

and TI � DI(
I).

3.1.3. Loss Function. )e GAN in this paper requires two-
step training. In other words, the training model firstly
repairs the structure image with complex texture semantics
removed. After the repair process is smooth, the training
model will repair the detailed texture information based on
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Figure 1: )e overall structure of the two-stage ALENN module.
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the structure. In the first training step, in order to fit the true
distribution of the image structure Sn, we apply the idea of
confrontation to the framework of the generative model.)e

adversarial loss of the generator and the discriminator can be
written as

L
G,I⟶S

� ‖S − S‖1, (7)

L
D,S

� −  p(S)log q(S) � E log TS(   + E log 1 − TS  

� E log DS(S)(   + E log 1 − DS G
I⟶S

E In, M( , E Sn, M( (    .
(8)

Similar to the first training process, the loss function for
the repair process of training GAN on texture details is as
follows:

L
G,S⟶I

� ‖I − I‖1, (9)

L
D,I

� −  p(I)log q(I) � E log TI(   + E log 1 − TI  

� E log DI(S)(   + E log 1 − DI GS⟶I
E In, M( , S    .

(10)

)e two stages of adversarial losses are combined
through hyper-parameters α and β, respectively, and go
through the final optimization process:

LS � αL
G,I⟶S

+(1 − α)LD,S, (11)

LI � βL
G,S⟶I

+(1 − β)LD,I. (12)

We set α � 0.8 and β � 0.85 in this paper.

3.2. Lesion Fusion Classification Module. )is section will
introduce the second stage of ALENN, which is the medical
image-assisted diagnosis module based on lesion informa-
tion enhancement. If there is an auxiliary diagnosis model
based only on the original data modeling, this model can
well complete the auxiliary diagnosis task. However, due to
the inexplicability of deep learning itself, the model can
easily fall into a local optimal value. In addition, there also
exist certain limitations on the convergence speed of the
model, which depends on the model’s initialization pa-
rameters and optimization strategies. Hence, the relative
error between the positive data and the negative data and the
similarity between the positive data are used to artificially
amplify this distribution difference at this stage. More
specifically, after the restoration of the positive data in the
first stage, the corresponding pseudo-negative data is ob-
tained, while the real negative data can still be regarded as
negative data after being repaired. Based on this, we can
enhance the lesion area in the data and then use it as the

modeling data for the auxiliary diagnosis model, making the
model sensitive to differences in distribution.

)e lesion fusion assisted diagnosis proposed in this
paper is an overall framework, and the optimization of the
specific network structure is beyond the scope of this paper.
In other words, the method proposed in this paper is ap-
plicable to most classification networks. )erefore, we select
the most basic model VGG-19 as the backbone of this
framework. Next, we will gradually introduce the overall
process of lesion information fusion in the second stage. In
order to facilitate the presentation, we define the subsequent
variables. Input image I, where W and H represent the width
and height of the image, respectively. Set the sliding window
set D � ∪ iwindowi for each input sample; the window size
of the sliding window is w and h, which is a hyper-parameter
set according to a priori. Similarly, the step size of the sliding
window d is the hyper-parameter. Generally, we set d<w so
that each pixel in the input sample can get as many repair
results as possible to reduce the impact of generation errors.
From this, we can conclude that the number of sliding
windows for an input sample is approximately
N � ((W − w) × (H − h))/d2. )e lesion location algorithm
based on sliding window is shown in Algorithm 1.

Consequently, under the supervision of category labels,
we have completed the extraction of lesion information in
medical images based on the difference of conditional
probability distribution P(I|positive) and P(I|negative).
Naturally, the artificial enhancement of this information
makes the final auxiliary diagnosis model more sensitive to
the difference in distribution between positive and negative
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data. From another perspective, the enhancement of this
lesion information can be seen as a priori attention to the
lesion area to a certain extent. And this “prior” is not su-
pervised, let alone man-made, but calculated from the dif-
ference in conditional probability distribution on image-
level annotations.

4. The Experimental Results

4.1. Dataset and Training Setting. )e MURA dataset is the
largest public dataset of musculoskeletal image currently,
jointly released by the Department of Computer Science,
Medicine and Radiology of Stanford University. It con-
tains a total of X training sets and X verification sets. )e
dataset selected 40,561 multi-view X-rays images of 12,173
patients from Stanford Hospital from 2001 to 2012 as
sample data and was marked as normal or abnormal by
professional radiologists. )e result showed that 62% of
the images were normal data while 38% were abnormal
ones. )e dataset consists of research types of finger,
elbow, hand, humerus, forearm shoulder, and wrist. )is
paper only uses elbow data for experimental verification.
And in order to show the experimental results fairly, the
unified optimizer Adam is employed in this paper and the
learning rate is initialized to 0.0001 with the batch size set
to 16.

4.2. Evaluation Metric. In order to better evaluate the
method proposed in this paper, we use peak signal-to-noise
ratio (PSNR) coefficient and structural similarity (SSIM) to
evaluate the performance of the repair module. )e larger
the value of the two indicators, the more similar the two
images. And the accuracy, sensitivity, specificity, recall, F1-
score, and Kappa score are applied to evaluate the perfor-
mance of the classification module.

PSNR coefficient and SSIM are the most widely used
objective measurement methods for evaluating repaired
images. )e calculation formula is as follows:

PSNR � 10 · log10
MAX2

I

MSE
 , (13)

SSIM(x, y) �
2μxμy + c1  2σxy + c2 

μ2xμ
2
y + c1  σ2xσ

2
y + c2 

. (14)

In this formula, μx is the average of x and μy is the
average of y. sigma2x is the variance of x, sigma2y is the
variance of y, and sigmaxy2 is the variance of x and y. c1 �

(k1 L)2 and c2 � (k2L)2 are used to maintain stability. L is
the dynamic range of pixel values. k1 � 0.01 and k2 � 0.03.
)e range of structural similarity is 0 to 1. When the
two images are exactly the same, the value of SSIM is equal
to 1.

In addition, if FP, FN, TP, and TN represent the false
positive rate, false negative rate, true positive rate, and true
negative rate, respectively, the calculation formulas for ac-
curacy, recall, precision, F1-score, and Kappa score are as
follows:

accuracy �
TP + TN

TP + TN + FP + FN
, (15)

recall �
TP

TP + FN
, (16)

precision �
TP

TP + FP
, (17)

F1 � 2 ·
precision + recall
precision + recall

, (18)

Kappa �
po − pe

1 − pe

. (19)

In this formula, po is the sum of the number of samples
correctly classified in each category divided by the total
number of samples, which is the overall classification ac-
curacy. Assuming that the number of real samples in each
category is a1, a2, . . . , an, respectively, and the predicted
number of samples in each category is b1, b2, . . . , bn, re-
spectively, and the total number of samples is n, then
pe � (a1 · b1 + a2 · b2 + . . . + an · bn)/(n · n).

4.3. 3e Results of Lesion Enhancement. In order to verify
the effectiveness of the first stage of the two-stage lesion
enhancement classification method proposed in this paper,
firstly it is necessary to qualitatively analyze the repair effect
of the generated adversarial network. )is section will
perform visual analysis on the negative data and positive
data of elbow data in MURA. Since the GAN in this paper is
modeled based on negative data, in theory, GAN will ap-
proximate the distribution of negative data. On the contrary,
when positive data is used as the input of GAN, GAN will
repair the “abnormal” area in the positive data according to
the negative data. )e results of repair and visualization of
negative and positive data are shown in Figure 3, in which
the Difference indicates the difference between the original
images and the restored ones and LE represents that the
difference area is enhanced and displayed in the form of a
heat map. )e last column combines LE with the original
images for more intuitive observation to the effectiveness of
this method.

After qualitative analysis, we will quantitatively analyze
the differences between the two data types, as shown in
Table 1. It can be clearly seen that the repair effects of GAN are
different for the two distributed images. However, this dif-
ference in distribution is directly reflected on the image and
enhanced in this paper so as to provide clear guidance for
auxiliary diagnosis of the two types of data in the next stage.

4.4. 3e Results of Classification. In order to prove the ef-
fectiveness and excellent adaptability of the method pro-
posed in this paper, this section applies this method to each
classification network. VGG-19, ResNet-50, DenseNet-121,
and Inception-v3 are used to conduct related experiments
and analyze the results. )e experimental results are shown
in Table 2.

6 Scientific Programming



It can be seen that the results are unsatisfactory com-
pared to the method using only the classification network
and the LE information. For each backbone, this method can
increase the accuracy by about 1.67% on average. Moreover,

the method in this paper is the best one to lift VGG-19. )e
ROC curve of ResNet and VGG can explain this problem
from another aspect, as shown in Figure 4. It is probably
caused by the network structure of VGG itself. In other

(a) (b) (c) (d)

Figure 3: )e results of repair and visualization of negative and positive data. (a) Original image. (b) Difference. (c) LE. (d) Color map.
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words, compared to VGG with a simple straight-line con-
nection, ResNet and other networks have a more compli-
cated network structure, such as short connections. It may
help the modeling process to better find the lesion area to a
certain extent. However, more in-depth theoretical proofs
and related experiments are required to prove this.

5. Conclusion

With the gradual improvement of deep neural network
technology recently, there are more methods focusing their
researches on exploring the hidden information inside data.
Taking computer vision as an example, many studies have
bundled the task of exploring the semantic information
inside the image with the optimization of the neural network
structure. Among them, medical imaging has become one of
the important objects of image semantic mining due to its
high semantic consistency. However, the interpretability of
deep learning itself has always been a topic still under
studying; that is, the characteristics learned by neural

networks cannot be explained intuitively. In other words, the
correlation between the optimization of neural network
structure and the effectiveness of semantic information
mining remains to be verified.)erefore, this paper proposes
an Adversarial Lesion Enhancement Neural Network for
Medical Image Classification, which takes the extraction of
this hidden semantics as a separate stage, separating it from
the auxiliary diagnosis model. )e purpose of this is to (1)
clearly show the effectiveness of semantic information ex-
traction, (2) use this method as a portable auxiliary diag-
nostic module with high adaptability, and (3) complete the
lesion positioning with only coarse-grained labels. Finally,
this paper proves the effectiveness of the first stage structure-
based lesion adversarial inpainting module on the public
datasetMURA.Meanwhile, on this basis, it is proved that the
combined use of two-stage modules can improve the aux-
iliary diagnosis model. However, there is also a shortcoming
in this method, that is, the relatively high time complexity of
the sliding window, which is also one of the optimization
directions of this research in the future.
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